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Abstract
Systems toxicology marks an important stage in the evolution
of toxicology. It combines the insights from traditional toxi-
cology end points, high-throughput data, and quantitative
analysis of large cause-and-effect molecular network models
that provide the most mechanistic information in the interpre-
tation of high-throughput data. Here, we show an example on
how pulmonary causal biological network models can be used
in a meta-analysis of independent studies on engineered
nanomaterials to gain mechanistic insight into the similarities
and differences of the ways the engineered nanomaterials
impact biological processes in the mouse lung. Meta-analyses
using the lung network models could be used in various toxi-
cological applications to find underlying trends in response to
exposures, derive compound-specific mechanistic signatures,
and translate between species.
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Introduction
In their recent review, Smirnova et al. [1] state that
“there are two systems biology/toxicology approach-
esdone that is computational and one that is exper-
imentaldand they complement each other in
www.sciencedirect.com
addressing the complexity of the organism”. The
computational systems toxicology approach is largely
about using or developing algorithms to best exploit
systematically and comprehensively generated biolog-
ical data sets; a recent review by Dann et al. outlines the
various approaches that can be used to extract predictive
information about compound-induced toxicity from
gene expression data [2]. The review also details re-

sources, such as the Comparative Toxicogenomics
Database [3], DrugMatrix database [4], and TG-GATE
[5], that aim to associate gene expression with toxicity
[2]. In addition to the aforementioned toxicogenomics
databases, the Gene Expression Omnibus (GEO,
https://www.ncbi.nlm.nih.gov/geo/) and ArrayExpress
(https://www.ebi.ac.uk/arrayexpress/) offer a number of
data sets on toxicological exposures in various experi-
mental systems and conditions to be explored by the
computational scientists. Consequently, the scientific
literature provides many examples of mechanistic in-

sights obtained from omics data, ranging from drug-
induced liver injury to toxicity of modern munitions
used by the US military [6e8].

A meta-analysis uses data from independent but related
studies to generalize conclusions, to increase statistical
sensitivity, or to understand why conclusions from
different studies diverge [9]. Meta-analysis has been
used successfully for the identification of dysregulated
genes that are associated with pathology induced by
nephrotoxic drugs [10], carcinogenic effects of a com-

pound [11], or individual risk for adverse drug reactions
[12].

Meta-analysis can also be used for the grouping of
compounds based on their biological impact. For
example, stress response is a common defense mecha-
nism in response to chemical exposures. Schutter et al.
[13] set out to find commonalities in transcript regu-
lation in response to chemical stress in zebrafish by
combining microarray data from 33 studies with expo-
sure to 60 different chemicals. In addition to looking

into the low number of genes that were significantly
differentially expressed in each individual treatment,
the authors took advantage of the effect size analysis,
followed by functional enrichment analysis, to derive
conclusions about a uniform stress response. As a result,
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40 Systems toxicology
22 chemicals of the 40 included in the effect size
analysis were grouped into three broad groups with
similar modes of action [13].

A burning question in toxicology research is whether the
toxicological predictions from rodent models can be
translated to humans. In particular, frequent drug
attrition due to undesirable toxicity is often because of

the fact that the toxicity biomarkers identified are
limited to certain species and experimental systems.
Kim et al. used more than 6000 samples in a meta-
analysis to characterize the toxicity of drugs in liver,
kidney, and multiple organ specimens. As expected, the
drugs tested exhibited time- and dose-dependent
tissue-specific toxicity. Feature reduction followed by
gene ontology and proteineprotein interaction network
analysis yielded a prediction model that performed well
when tested computationally and experimentally in
human cells [14].

By systemically comparing available gene expression
data sets from both rodent and human bronchoalveolar
lavage (BAL) for acute lung injury and acute respiratory
distress syndrome, Sweeney et al. [15] set forth to find
similar expression changes in rodents and humans in
response to lung injury. The gene signatures resulting
from the integrated multicohort transcriptomic analysis
were mapped against kyoto encyclopedia of genes and
genomes (KEGG) pathways as well as the animal lung
tissue and human BAL fluid gene expression signatures

allowing the identification of affected biological path-
ways and predominant cell types in the samples,
respectively. The data were also compared with the
Library of Integrated Network-based Cellular Signa-
tures to identify potential therapeutic targets [15].

Owing to the rapidly increasing human exposure to
engineered nanomaterials (ENMs), the identification of
the adverse effects from the exposure to nanophase
materials on living organisms and the environment [16e
19] has become a hot topic in toxicology research.
Nikota et al. [20] conducted meta-analyses on a number

of publicly available studies that aim to assess the health
effects of a variety of ENMs of varying properties to
understand underlying mechanisms of toxicity via pul-
monary exposure in rodents. The major routes of uptake
for ENMs are the respiratory tract, the gastrointestinal
tract, and the skin; for occupational exposure, the res-
piratory tract is the most prevalent exposure route. The
expression profiles in response to ENM exposure were
compared with the lung gene expression profiles of 12
different lung disease models. This approach allowed
the identification of disease pathways stimulated in the

rodent lung upon nanoparticle exposure as well as dif-
ferences between carbon nanotube (CNT), carbon
black, and nanoetitanium dioxide (TiO2NP) exposure
[20]. A very recent example of a meta-analysis in this
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field integrated independent gene expression data sets
for improved statistical power to detect robust and
precise differential gene expression in response to
exposure to silver nanoparticles [21]. Meta-analysis can
also consist of different omics data that are analyzed in
an integrated manner. Gioria et al. [22] used proteomics
and metabolomics profiling to complement immuno-
chemistry, microscopic analysis, and multiplexed assays

to derive true systems toxicology insights into the ef-
fects of silver nanoparticles of different sizes.

The aforementioned examples demonstrate how meta-
analyses of high-throughput data pave the way to more
accurate toxicity predictions. In the next section, we
will introduce the value of computational network
models in systems toxicology meta-analysis.
Meta-analysis using network biology
Causal biological network models
According to the definition by Sturla et al. [23], systems
toxicology is “the integration of classical toxicology with
quantitative analysis of large networks of molecular and

functional changes occurring across multiple levels of
biological organization”. In systems toxicology, quanti-
tative systems-wide molecular changes in the context of
an exposure are measured, and a causal chain of mo-
lecular events linking exposures with adverse outcomes
(i.e., functional and apical end points) are deciphered
[23]. In line with this definition and apparent from
several articles on various use cases, we advocate the use
of causal biological network models in high-throughput
data interpretation. Over the years, this has become
the basis of our systems toxicological assessment, which

relies on quantitative comparison of impacted biology
between exposures [24]. The causal biological network
models are scripted in the Biological Expression Lan-
guage (https://bel.bio/), which represents scientific
findings by capturing relationships between biological
entities (such as enzymes and their substrates) into
cause-and-effect assertions. A browsable view of recent
network models is available in the Causal Biological
Networks database (http://causalbionet.com) [25].

A network contains various biological entities (backbone
nodes) that are further designed to facilitate the inter-

pretation of numerous gene expression changes that are
considered to be triggered by the upstream biological
entities embedded in the backbone [26]. The network
perturbation amplitude (NPA) algorithm provides a
quantification of the backbone nodes, referred to as the
“differential network backbone value.” For instance, the
transcriptional activity of the aryl hydrocarbon receptor
is predicted by fold changes in several downstream
genes. Typically, backbone values in a network are based
on expression changes from hundreds to thousands of
genes. These backbone values, together with the
www.sciencedirect.com
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network topology, define the perturbation of the model
as a whole [27]. The NPA algorithm and a suite of eight
such models are publicly available as R packages and can
be downloaded from the GitHub project pages https://
github.com/pmpsa-hpc/NPA and https://github.com/
pmpsa-hpc/NPAModels.

In particular, the xenobiotic metabolism network model,

which was initially published as part of the biological
network model suite describing various stress responses
in lung cells [28] and further refined to better reflect
the three phases of xenobiotic metabolism in lung
tissue, has proven suitable for the meta-analysis of the
xenobiotic response in the smoker bronchial epithelium
[29]. We have shown that a good correlation of indi-
vidual studies on bronchial brushings from smokers can
be obtained using the differential backbone values of
the xenobiotic metabolism network model, while the
correlation of the gene expression remained moderate.

Moreover, the correlation remained when organotypic
bronchial cultures were exposed to cigarette smoke and
compared with human brushing data [29,30].

The network-based systems toxicology approach has
been extensively used in the assessment of the Tobacco
Heating System (THS) 2.2, which is one of the recent
advancements in the development of novel reduced-risk
tobacco products [31]. In combination with important
toxicological end points in various experimental sys-
tems, the approach quantitatively demonstrated the

reduced impact of THS 2.2 exposure compared with
cigarette smoke [32e41].

The causal biological network models were recently also
used in a meta-analysis of in vitro assessment studies
that focused on three human organotypic cultures of the
aerodigestive tract (buccal, bronchial, and nasal
epithelia) exposed to cigarette smoke and the aerosol
from THS 2.2. Thousands of simultaneously measured
data points were put into the context of known biolog-
ical processes, and their activation/perturbation/disrup-
tion were deciphered using computational evaluation

strategies and causal network modeling. Using the tools
of systems toxicology and integrated analysis across
various levels of biological organization, the molecular
stress responses, together with functional and structural
changes, were investigated directly in nonclinical sys-
tems, where exposed cells/tissues are readily available
[42].

Use case: meta-analysis of nanotoxicology
studies using the network approach
The purpose of this use case is to demonstrate how the
causal biological network models can be used to gain
insight into the molecular mechanisms that are
impacted in the lungs of mice exposed to ENMs. We
have used transcriptomic data from some of the

studies (GSE29042, GSE35193, GSE55286, and
www.sciencedirect.com
GSE60797-GSE60800) reported in the meta-analysis
conducted by Nikota et al. [20] and have focused on
the mechanisms impacted after one day or 28 days
postexposure. The studies used are summarized in
Table 1 and include the testing of CNTs [43,44], carbon
black [45], and TiO2NPs in a free form or embedded in
sanding dust (SD) [46].

The causal biological network models used here were
built for lung biology [47e51] and have mostly been
used to assess respiratory toxicants, such as cigarette
smoke [32e42]. Instead of limiting the biology to lung
disease models, they cover a wide range of biological
processes and thus facilitate unbiased data interpreta-
tion in context of a priori biological knowledge. More-
over, when the number of differentially expressed genes
that overlap between the data sets is low, the network
approach can overcome limitations of traditional
pathway analyses.

Figure 1 shows the workflow of converting publicly
available gene expression series matrix to NPA of
selected network models. For the one-day post-exposure
time point, we chose biological network models that
represent acute stress response and mechanisms typical
in cell fate decisions and proliferative signaling.
Figure 2A shows the NPAs of the selected network
models in response to ENM exposure. Generally, the
CNTs triggered stronger network perturbation
compared with the carbon black and TiO2NPs at the

one-day post-exposure time point. The impact of SD on
several networks was weaker than that of SD-
TiO2NP20.6, indicating the additional contribution of
the TiO2NP to this impact. However, the impact of
TiO2NP10.5þ 38 was weaker than that of the SD alone.

Further insights into how the different nanomaterials
perturbed the lung network models can be obtained
from the leading node analysis. Leading nodes are the
entities in the model backbone that are inferred to be
most impacted in response to the exposure and
contribute collectively to 80% of the NPA [27].

Moreover, while the NPA heatmap provides a quan-
titative view of the network impact across the ex-
periments, the leading node analysis shows the
directionality of the inferred impact on each node.
Figure 2B shows an extract of the cell cycle network
model with the leading nodes for SD-TiO2NP20.6,
SD, TiO2NP38, and TiO2NP10.5 one day after
exposure. Interestingly, the core cell cycle molecules
were inferred to be regulated in different directions
in response to these TiO2NPs, indicating a divergent
early response to the insult by the SD-embedded and

free TiO2NPs in mouse lung. This could also be
observed in the context of the senescence and
apoptosis networks that share many mechanisms also
present in the cell cycle network model (not shown).
While the signal was weaker, the directionalities of
Current Opinion in Toxicology 2019, 16:39–48
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Table 1 Publicly available transcriptomics data sets used in the meta-analysis.

Data set ID Study title Type of nanomaterial Name Exposure Reference

GSE29042 Expression profiling of mice
exposed to multiwalled
carbon nanotubes

Multiwalled carbon
nanotubes

CNT Mitsui 7 Single pharyngeal aspiration [43]

GSE55286 Transcriptomic analysis of mouse lung
tissue exposed to two multiwalled
carbon nanotubes (NRCWE-26 and NM-401)

Multiwalled carbon
nanotubes

NM-401, CNTLarge and NRCWE-26,
CNTSmall

Single intratracheal instillation [44]

GSE35193 Pulmonary gene expression in C57BL/6 mice
intratracheally instilled with Printex 90
carbon black nanoparticles

Carbon black nanoparticles Printex 90 Single intratracheal instillation [45]

GSE60797 Transcriptional profiling to identify physical–chemical
properties detrimental to nanomaterial-induced
pulmonary response (part 1)

Sanding dust SD-TiO2NP20.6
a and SD Single intratracheal instillation [46]

GSE60798 Transcriptional profiling to identify physical– –chemical
properties detrimental to nanomaterial-induced
pulmonary response (part 2)

Free nano titanium dioxide TiO2NP10
a and TiO2NP10+

a

(positively charged)
Single intratracheal instillation [46]

GSE60799 Transcriptional profiling to identify physical– –chemical
properties detrimental to nanomaterial-induced pulmonary
response (part 3)

Free nano titanium dioxide TiO2NP38
a and TiO2NP10.5

a Single intratracheal instillation [46]

GSE60800 Transcriptional profiling to identify physical– –chemical
properties detrimental to nanomaterial-induced
pulmonary response (part 4)

Sanding dust SD-TiO2NP38
a and SD-TiO2NP10.5 + 32a Single intratracheal instillation [46]

SD, sanding dust; CNT, carbon nanotube; TiO2NP, nano– titanium dioxide.
a Value refers to the particle size in nm.
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Figure 1

The workflow from publicly available gene expression data to NPA. GEO, Gene Expression Omnibus.
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the network node regulation in response to SD
aligned with those in response to SD-TiO2NP20.6.

To score the data from the 28-day post-exposure time
point, we chose network models representing inflam-
mation-related and tissue repairerelated processes to
evaluate longer term effects that could pose a disease
risk after single exposure. These network models
responded strongest to the exposure to NRCWE-26 and
Small CNT, and TiO2NP10þwas the only TiO2NP that
triggered similar or higher network perturbation scores
as the CNTs. The impact on networks was very weak in
response to the SD and SD-TiO2NPs; however, the
weakest overall response was observed in response to

TiO2NP38 (Figure 3A). Many inflammation-related
processes, including B-cell signaling, dendritic cell
signaling, Th17 signaling, tissue damage, mast cell
activation, and megakaryocyte differentiation, were not
perturbed at 28 days in response to TiO2NP38 and
TiO2NP10.5 (Figure 3A). With the exception of SD-
TiO2NP10.5 þ 38, all analyzed materials, including the
SD alone, induced at least a low level of perturbation of
the fibrosis network model. Interestingly, Th1-Th2
signaling was impacted not only by the CNTs but also by
carbon black, SD, SD-TiO2NP20.6, SD-

TiO2NP10.5 þ 38, TiO2NP10þ, and TiO2NP38, albeit
to a lesser extent. Figure 3B shows a graphical presen-
tation of the top leading nodes and individual scores for
the different CNTs on the epithelial innate immune
activation network model, highlighting the inferred
upregulation of IL1/Myd88/Nfkb signaling.

In their analysis, Nikota et al. [20] showed a separate
clustering of biological response to TiO2NPs and CNTs
and that only the CNTs clustered with the disease
www.sciencedirect.com
models. With the sensitive network approach, we could
dissect a very early divergent response to SD and free
TiO2NPs in the context of the cell cycle network model.

Moreover, we have found that many inflammation-
related and tissue repairerelated processes were also
impacted in response to the carbon black and TiO2NPs,
and even SD, without any ENMs. Although many more
insights could be derived from the current analysis,
these examples should give a sense of what can be
achieved using the causal biological network models to
interpret toxic effects of nanomaterials in the mouse
lung.
Expert opinion
There is an ever-increasing number of omics data sets
testing chemical toxicity, and meta-analyses are neces-
sary to obtain a coherent understanding of the biological
impact of exposures. While conducting meta-analysis, it
is often necessary to reprocess the omics data from in-

dividual studies, because researchers may use different
omics technology platforms and normalization methods.
Additional challenges include heterologous exposure
settings (organ and species) as well as different expo-
sure times and concentrations that need to be taken into
consideration and controlled during the analysis
Figure 4A [9]. There is also a lack of standardization in
exposure and biological systems used, and meta-analysis
across large-scale systems toxicology data sets will ulti-
mately enable robust identification of the impacted
mechanisms and subsequently facilitate risk

assessment.

Nanoparticles do not interact with or bind to a single
type of macromolecule, but they perturb multiple
pathways and influence cellular processes, such as
Current Opinion in Toxicology 2019, 16:39–48
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Figure 2

NPA in response to nanoparticle exposure using pulmonary causal biological network models. (a) The series matrix of the gene expression data was
downloaded from the GEO, and the gene expression fold changes were computed for each contrast (i.e., treatment versus control). The data at one day
postexposure was scored against causal biological network models as described in Ref. [27]. A network is considered as perturbed if, in addition to the
significance of the NPA score with respect to the experimental variation, the two companion statistics (O and K), derived to inform on the specificity of the
NPA score with respect to the biology described in the network, are significant. *O and K statistic p-values below 0.05 and NPA significant with respect to
the experimental variation. The number on the top of each column of the heat map indicates the amount used in mg. (b) The leading node analysis of after
one day exposure to SD-TiO2NP20.6, SD, TiO2NP38, and TiO2NP10.5. Extract of the cell cycle network model containing connected nodes that were
common leading nodes in response to the selected nanomaterials. The backbone NPA values with directionalities of inferred regulation are shown as bar
graphs for each node: (1–3) SD-TiO2NP20.6 (54, 162, or 486 mg), (4–6) SD (54, 162, or 486 mg), (7–9) TiO2NP38 (18, 54, and 162 mg), and (10–12)
TiO2NP10.5 (18, 54, and 162 mg). Orange/red bars indicate inferred upregulation, and blue bars indicate inferred downregulation. Each BEL term

44 Systems toxicology
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Figure 3

NPA in response to nanoparticle exposure using pulmonary causal biological network models. (a) The series matrix of the gene expression data was
downloaded from the GEO, and the gene expression fold changes were computed for each contrast (i.e., treatment versus control). The data from 28
days postexposure was scored against causal biological network models as described in Ref. [27]. A network is considered as perturbed if, in addition to
the significance of the NPA score with respect to the experimental variation, the two companion statistics (O and K), derived to inform on the specificity of
the NPA score with respect to the biology described in the network, are significant. *O and K statistic p-values below 0.05 and NPA significant with
respect to the experimental variation. The number on the top of each column of the heat map indicates the amount used in mg. (b) The leading node
analysis 28 days after exposure to CNT Mitsui 7, NM-401, CNTLarge, NRCWE-26, and CNTSmall. Extract of the epithelial innate immune activation
network model containing connected nodes that were common leading nodes in response to the selected nanomaterials. The backbone NPA values with
directionalities of inferred regulation are shown as bar graphs for each node: (1–2) CNT Mitsui 7 (40 and 80 mg), (3–4) NM-401, CNTLarge (54 and
162 mg), and (5–6) NRCWE-26, CNTSmall (54 and 162 mg). Orange/red bars indicate inferred upregulation, and blue bars indicate inferred down-
regulation. Each BEL term contains the molecular function (p, protein abundance; tscript, transcriptional activity; deg, degradation; kin, kinase activity;
cat, catalytic activity; bp, biological process) and the namespace definition (MGI, mouse genome informatics; GOBP, gene ontology biological process;
SCOMP, Selventa complex). The entire epithelial innate immune activation network model can be downloaded from causalbionet.com, and the BEL
terminology can be found in https://bel.bio/. NPA, network perturbation amplitude; BEL, biological expression language; GEO, Gene Expression
Omnibus.
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proliferation, apoptosis, inflammation, and membrane
integrity. In addition to ENMs, the investigation of ul-
trafine particulate matter (PM0.1) and other nano-

materials is equally important [52,53]. The
identification of new sensitive markers for the toxicity
associated with particle matter of any size is needed,
because exposure generally occurs at low levels in the
absence of phenotypic changes. Hence, the biological
network models, paired with the ability to quantify their
activation, will allow derivation of mechanistic finger-
prints/signatures for specific materials and their physi-
ochemical properties (particle size, shape, density,
surface property, chemical composition), predict tissue
toxicity and pathology, find underlying trends in

response to exposures, and translate between species
(Figure 4B). For example, comparisons at the level of
network entities has demonstrated better translatability
between experimental systems than differentially
contains the molecular function (p, protein abundance; tscript, transcriptional
biological process) and the namespace definition (MGI, mouse genome infor
network model can be downloaded from causalbionet.com, and the BEL term
amplitude; BEL, biological expression language; GEO, Gene Expression Om

www.sciencedirect.com
expressed genes in the context of cigarette smoke and
xenobiotic metabolism [29,30]. Accordingly, network-
level comparison of molecular profiles between species

could be used to translate preclinical findings to
humans. The approach could also provide a robust
means to translate between in vitro and in vivo experi-
ments based on network impact of ENMs of various
physical properties and enable bridging to reduce animal
use in nanotoxicology.

The limitation of the network approach is that the
network models built from literature evidences can only
be as complete as our understanding of biology, which is
encapsulated in published scientific articles; hence,

gaps may exist. Nevertheless, the scoring of omics data
onto network models that are built using mechanistic
information backed by scientific evidence provides a
robust platform for the interpretation of toxicogenomics
activity; deg, degradation; kin, kinase activity; cat, catalytic activity; bp,
matics; GOBP, gene ontology biological process). The entire cell cycle
inology can be found in https://bel.bio/. NPA, network perturbation
nibus.
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Fig. 4

Systems toxicology meta-analysis. (a) While conducting meta-analysis, careful data selection is followed by data processing, analysis and interpretation
to derive robust conclusions based on multiple experiments. (b) The insights gained from meta-analysis in systems toxicology.
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data, as demonstrated with the nanoparticle data rean-
alysis. The approach not only provides a quantitative
measure of network perturbation but also allows the

inference of the most important molecular players with
directionality of the impact.

There are still very few true systems toxicology meta-
analyses available, but these are certainly starting to
emerge, fueling more accurate toxicity predictions.
These will also play an important part in the develop-
ment of quantitative adverse outcome pathways as well
as the reduction of animal use in toxicology.
Funding
Philip Morris International is the sole source of funding
and sponsor of this research.

Acknowledgements
The authors would like to thank Samantha Elmhurst (Living Art) and Dr.
Amin Choukrallah for assistance with figures.
Current Opinion in Toxicology 2019, 16:39–48
Conflict of interest
All authors are employees of Philip Morris International.

References
Papers of particular interest, published within the period of review,
have been highlighted as:

* of special interest
* * of outstanding interest

1. Smirnova L, Kleinstreuer N, Corvi R, Levchenko A, Fitzpatrick SC,
Hartung T: 3S-Systematic, systemic, and systems biology and
toxicology. ALTEX 2018, 35:139–162. https://doi.org/10.14573/
altex.1804051.

2
*
. Alexander-Dann B, Pruteanu LL, Oerton E, Sharma N, Berindan-

Neagoe I, Módos D, Bender A: Developments in toxicoge-
nomics: understanding and predicting compound-induced
toxicity from gene expression data. Mol Omics 2018. https://
doi.org/10.1039/c8mo00042e.

In this review, the most common methods to gain insight from gene
expression data are described.

3. Davis AP, Grondin CJ, Johnson RJ, Sciaky D, King BL,
McMorran R, Wiegers J, Wiegers TC, Mattingly CJ: The
comparative toxicogenomics database: update 2017. Nucleic
Acids Res 2016, 45:D972–D978. https://doi.org/10.1093/nar/
gkw838.
www.sciencedirect.com

https://doi.org/10.14573/altex.1804051
https://doi.org/10.14573/altex.1804051
https://doi.org/10.1039/c8mo00042e
https://doi.org/10.1039/c8mo00042e
https://doi.org/10.1093/nar/gkw838
https://doi.org/10.1093/nar/gkw838
www.sciencedirect.com/science/journal/24682020


Systems toxicology meta-analysis Talikka et al. 47
4. Ganter B, Snyder RD, Halbert DN, Lee MD: Toxicogenomics in
drug discovery and development: mechanistic analysis of
compound/class-dependent effects using the DrugMatrix® data-
base. 2006.

5. Igarashi Y, Nakatsu N, Yamashita T, Ono A, Ohno Y,
Urushidani T, Yamada H: Open TG-GATEs: A large-scale
toxicogenomics database. Nucleic Acids Res 2014, 43:
D921–D927. https://doi.org/10.1093/nar/gku955.

6. Gust KA, Lotufo GR, Stanley JK, Wilbanks MS, Chappell P,
Barker ND: Transcriptomics provides mechanistic indicators
of mixture toxicology for IMX-101 and IMX-104 formulations
in fathead minnows (Pimephales promelas). Aquat Toxicol
2018, 199:138–151. https://doi.org/10.1016/
j.aquatox.2018.03.019.

7. Kawamoto T, Ito Y, Morita O, Honda H: Mechanism-based risk
assessment strategy for drug-induced cholestasis using the
transcriptional benchmark dose derived by toxicogenomics.
J Toxicol Sci 2017, 42:427–436. https://doi.org/10.2131/
jts.42.427.

8. Beyer RP, Fry RC, Lasarev MR, McConnachie LA, Meira LB,
Palmer VS, Powell CL, Ross PK, Bammler TK, Bradford BU:
Multicenter study of acetaminophen hepatotoxicity reveals
the importance of biological endpoints in genomic analyses.
Toxicol Sci 2007, 99:326–337.

9. Ramasamy A, Mondry A, Holmes CC, Altman DG: Key issues in
conducting a meta-analysis of gene expression microarray
datasets. PLoS Med 2008, 5:e184. https://doi.org/10.1371/
journal.pmed.0050184.

10. Matheis KA, Com E, Gautier J-C, Guerreiro N, Brandenburg A,
Gmuender H, Sposny A, Hewitt P, Amberg A, Boernsen O:
Cross-study and cross-omics comparisons of three nephro-
toxic compounds reveal mechanistic insights and new
candidate biomarkers. Toxicol Appl Pharmacol 2011, 252:
112–122. https://doi.org/10.1016/j.taap.2010.11.006.

11. Jung J, Mok C, Lee W, Jang W: Meta-analysis of microarray
and RNA-Seq gene expression datasets for carcinogenic
risk: an assessment of bisphenol A. Mol Cell Toxicol 2017, 13:
239–249.

12. Gréen H, Hasmats J, Kupershmidt I, Edsgärd D, de Petris L,
Lewensohn R, Blackhall F, Vikingsson S, Besse B, Lindgren A:
Using whole-exome sequencing to identify genetic markers
for carboplatin and gemcitabine-induced toxicities. Clin
Cancer Res 2015. https://doi.org/10.1158/1078-0432.CCR-15-
0964.

13
*
. Schüttler A, Reiche K, Altenburger R, Busch W: The tran-

scriptome of the zebrafish embryo after chemical exposure: a
meta-analysis. Toxicol Sci 2017, 157:291–304. https://doi.org/
10.1093/toxsci/kfx045.

The authors demonstrate the power of gene expression meta-analysis
in the understanding of toxic effects of chemicals and stress responses
they induce in the zebrafish embryo.

14. Kim H, Kim J-H, Kim SY, Jo D, Park HJ, Kim J, Jung S, Kim HS,
Lee K: Meta-analysis of large-scale toxicogenomic data finds
neuronal regeneration related protein and cathepsin D to be
novel biomarkers of drug-induced toxicity. PLoS One 2015,
10, e0136698. https://doi.org/10.1371/journal.pone.0136698.

15
* *
. Sweeney TE, Lofgren S, Khatri P, Rogers AJ: Gene expression

analysis to assess the relevance of rodent models to human
lung injury. Am J Respir Cell Mol Biol 2017, 57:184–192. https://
doi.org/10.1165/rcmb.2016-0395OC.

The authors map the gene expression signatures from mouse and
human to biological pathways and tissue specific profiles to better
understand the translatability of findings from rodent models to humans
in the context of lung injury.

16. Costa PM, Fadeel B: Emerging systems biology approaches
in nanotoxicology: towards a mechanism-based under-
standing of nanomaterial hazard and risk. Toxicol Appl Phar-
macol 2016, 299:101–111. https://doi.org/10.1016/
j.taap.2015.12.014.

17. Sukhanova A, Bozrova S, Sokolov P, Berestovoy M, Karaulov A,
Nabiev I: Dependence of nanoparticle toxicity on their phys-
ical and chemical properties. Nanoscale Res Lett 2018, 13:44.
https://doi.org/10.1186/s11671-018-2457-x.
www.sciencedirect.com
18. Oberdörster G, Oberdörster E, Oberdörster J: Nanotoxicology:
an emerging discipline evolving from studies of ultrafine
particles. Environ Health Perspect 2005, 113:823–839.

19. Mueller NC, Nowack B: Exposure modeling of engineered
nanoparticles in the environment. Environ Sci Technol 2008,
42:4447–4453.

20. Nikota J, Williams A, Yauk CL, Wallin H, Vogel U,
Halappanavar S: Meta-analysis of transcriptomic responses
as a means to identify pulmonary disease outcomes for
engineered nanomaterials. Part Fibre Toxicol 2015, 13(1):25.
https://doi.org/10.1186/s12989-016-0137-5.

21. Ghojavand S, Bagheri F, Tanha HM: Integrative meta-analysis
of publicly available microarray datasets of several epithelial
cell lines reveals blood coagulation and amino acid meta-
bolism as the main biological processes affected by silver
nanoparticles exposure. Comp Biochem Physiol C Toxicol
Pharmacol 2018. https://doi.org/10.1016/j.cbpc.2018.11.00.

22
* *
. Gioria S, Lobo Vicente J, Barboro P, La Spina R, Tomasi G,

Urbán P, Kinsner-Ovaskainen A, François R, Chassaigne H:
A combined proteomics and metabolomics approach to
assess the effects of gold nanoparticles in vitro. Nano-
toxicology 2016, 10:736–748. https://doi.org/10.1016/
j.cbpc.2018.11.00.

This trans-omics analysis combined 2D-gel based proteomic and MS-
based metabolomic approaches to understand the biology that is
disrupted by gold nanoparticles. Such approach can help in the iden-
tification of biomarkers of exposure and the design of safer
nanomedicines.

23. Sturla SJ, Boobis AR, FitzGerald RE, Hoeng J, Kavlock RJ,
Schirmer K, Whelan M, Wilks MF, Peitsch MC: Systems toxi-
cology: from basic research to risk assessment. Chem Res
Toxicol 2014, 27:314–329. https://doi.org/10.1021/tx400410s.

24. Talikka M, Bukharov N, Hayes WS, Hofmann-Apitius M,
Alexopoulos L, Peitsch MC, Hoeng J: Novel approaches to
develop community-built biological network models for po-
tential drug discovery. Expert Opin Drug Discov 2017, 12:
849–857. https://doi.org/10.1080/17460441.2017.1335302.

25. Boué S, Talikka M, Westra JW, Hayes W, Di Fabio A, Park J,
Schlage WK, Sewer A, Fields B, Ansari S: Causal biological
network database: a comprehensive platform of causal bio-
logical network models focused on the pulmonary and
vascular systems. Database 2015, 2015:bav030.

26. Catlett NL, Bargnesi AJ, Ungerer S, Seagaran T, Ladd W,
Elliston KO, Pratt D: Reverse causal reasoning: applying
qualitative causal knowledge to the interpretation of high-
throughput data. BMC Bioinf 2013, 14:340. https://doi.org/
10.1186/1471-2105-14-340.

27. Martin F, Sewer A, Talikka M, Xiang Y, Hoeng J, Peitsch MC:
Quantification of biological network perturbations for mech-
anistic insight and diagnostics using two-layer causal
models. BMC Bioinf 2014, 15:238. https://doi.org/10.1186/1471-
2105-15-238.

28. Schlage WK, Westra JW, Gebel S, Catlett NL, Mathis C,
Frushour BP, Hengstermann A, Van Hooser A, Poussin C,
Wong B: A computable cellular stress network model for non-
diseased pulmonary and cardiovascular tissue. BMC Syst Biol
2011, 5:168.

29. Iskandar AR, Martin F, Talikka M, Schlage WK, Kostadinova R,
Mathis C, Hoeng J, Peitsch MC: Systems approaches eval-
uating the perturbation of xenobiotic metabolism in
response to cigarette smoke exposure in nasal and bron-
chial tissues. BioMed Res Int 2013:2013. https://doi.org/
10.1155/2013/512086.

30. Hoeng J, Talikka M, Martin F, Sewer A, Yang X, Iskandar A,
Schlage WK, Peitsch MC: Case study: the role of mechanistic
network models in systems toxicology. Drug Discov Today
2014, 19:183–192. https://doi.org/10.1016/j.drudis.2013.07.023.

31. McNeill A, Munafò MR: Reducing harm from tobacco use.
J Psychopharmacol 2013, 27:13–18. https://doi.org/10.1177/
0269881112458731.

32. Iskandar AR, Martinez Y, Martin F, Schlage WK, Leroy P,
Sewer A, Torres LO, Majeed S, Merg C, Trivedi K: Comparative
Current Opinion in Toxicology 2019, 16:39–48

http://refhub.elsevier.com/S2468-2020(18)30096-2/sref4
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref4
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref4
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref4
https://doi.org/10.1093/nar/gku955
https://doi.org/10.1016/j.aquatox.2018.03.019
https://doi.org/10.1016/j.aquatox.2018.03.019
https://doi.org/10.2131/jts.42.427
https://doi.org/10.2131/jts.42.427
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref8
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref8
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref8
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref8
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref8
https://doi.org/10.1371/journal.pmed.0050184
https://doi.org/10.1371/journal.pmed.0050184
https://doi.org/10.1016/j.taap.2010.11.006
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref11
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref11
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref11
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref11
https://doi.org/10.1158/1078-0432.CCR-15-0964
https://doi.org/10.1158/1078-0432.CCR-15-0964
https://doi.org/10.1093/toxsci/kfx045
https://doi.org/10.1093/toxsci/kfx045
https://doi.org/10.1371/journal.pone.0136698
https://doi.org/10.1165/rcmb.2016-0395OC
https://doi.org/10.1165/rcmb.2016-0395OC
https://doi.org/10.1016/j.taap.2015.12.014
https://doi.org/10.1016/j.taap.2015.12.014
https://doi.org/10.1186/s11671-018-2457-x
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref18
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref18
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref18
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref19
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref19
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref19
https://doi.org/10.1186/s12989-016-0137-5
https://doi.org/10.1016/j.cbpc.2018.11.00
https://doi.org/10.1016/j.cbpc.2018.11.00
https://doi.org/10.1016/j.cbpc.2018.11.00
https://doi.org/10.1021/tx400410s
https://doi.org/10.1080/17460441.2017.1335302
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref25
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref25
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref25
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref25
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref25
https://doi.org/10.1186/1471-2105-14-340
https://doi.org/10.1186/1471-2105-14-340
https://doi.org/10.1186/1471-2105-15-238
https://doi.org/10.1186/1471-2105-15-238
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref28
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref28
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref28
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref28
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref28
https://doi.org/10.1155/2013/512086
https://doi.org/10.1155/2013/512086
https://doi.org/10.1016/j.drudis.2013.07.023
https://doi.org/10.1177/0269881112458731
https://doi.org/10.1177/0269881112458731
www.sciencedirect.com/science/journal/24682020


48 Systems toxicology
effects of a candidate modified-risk tobacco product Aerosol
and cigarette smoke on human organotypic small airway
cultures: a systems toxicology approach. Toxicol Res 2017, 6:
930–946. https://doi.org/10.1039/c7tx00152e.

33. Iskandar AR, Mathis C, Martin F, Leroy P, Sewer A, Majeed S,
Kuehn D, Trivedi K, Grandolfo D, Cabanski M: 3-D nasal cul-
tures: systems toxicological assessment of a candidate
modified-risk tobacco product. ALTEX 2017, 34:23–48. https://
doi.org/10.14573/altex.1605041.

34. Iskandar AR, Mathis C, Schlage WK, Frentzel S, Leroy P,
Xiang Y, Sewer A, Majeed S, Ortega-Torres L, Johne S:
A systems toxicology approach for comparative assessment:
biological impact of an aerosol from a candidate modified-
risk tobacco product and cigarette smoke on human orga-
notypic bronchial epithelial cultures. Toxicol Vitro 2017, 39:
29–51. https://doi.org/10.1016/j.tiv.2016.11.009.

35. Kogel U, Titz B, Schlage WK, Nury C, Martin F, Oviedo A,
Lebrun S, Elamin A, Guedj E, Trivedi K: Evaluation of the To-
bacco Heating System 2.2. Part 7: systems toxicological
assessment of a mentholated version revealed reduced
cellular and molecular exposure effects compared with
mentholated and non-mentholated cigarette smoke. Regul
Toxicol Pharmacol 2016, 81:S123–S138. https://doi.org/10.1016/
j.yrtph.2016.11.001.

36. Oviedo A, Lebrun S, Kogel U, Ho J, Tan WT, Titz B, Leroy P,
Vuillaume G, Bera M, Martin F: Evaluation of the Tobacco
Heating System 2.2. Part 6: 90-day OECD 413 rat inhalation
study with systems toxicology endpoints demonstrates
reduced exposure effects of a mentholated version
compared with mentholated and non-mentholated cigarette
smoke. Regul Toxicol Pharmacol 2016, 81:S93–S122. https://
doi.org/10.1016/j.yrtph.2016.11.004.

37. Phillips B, Veljkovic E, Boué S, Schlage WK, Vuillaume G,
Martin F, Titz B, Leroy P, Buettner A, Elamin A: An 8-month
systems toxicology inhalation/cessation study in Apoe−/−
mice to investigate cardiovascular and respiratory exposure
effects of a candidate modified risk tobacco product, THS 2.2,
compared with conventional cigarettes. Toxicol Sci 2015, 149:
411–432. https://doi.org/10.1093/toxsci/kfv243.

38. Wong ET, Kogel U, Veljkovic E, Martin F, Xiang Y, Boue S,
Vuillaume G, Leroy P, Guedj E, Rodrigo G: Evaluation of the
Tobacco Heating System 2.2. Part 4: 90-day OECD 413 rat
inhalation study with systems toxicology endpoints demon-
strates reduced exposure effects compared with cigarette
smoke. Regul Toxicol Pharmacol 2016, 81:S59–S81. https://
doi.org/10.1016/j.yrtph.2016.10.015.

39. Zanetti F, Sewer A, Mathis C, Iskandar AR, Kostadinova R,
Schlage WK, Leroy P, Majeed S, Guedj E, Trivedi K: Systems
toxicology assessment of the biological impact of a candi-
date modified risk tobacco product on human organotypic
oral epithelial cultures. Chem Res Toxicol 2016, 29:1252–1269.
https://doi.org/10.1021/acs.chemrestox.6b00174.

40. Zanetti F, Sewer A, Scotti E, Titz B, Schlage WK, Leroy P,
Kondylis A, Vuillaume G, Iskandar AR, Guedj E: Assessment of
the impact of aerosol from a potential modified risk tobacco
product compared with cigarette smoke on human organo-
typic oral epithelial cultures under different exposure regi-
mens. Food Chem Toxicol 2018, 115:148–169. https://doi.org/
10.1016/j.fct.2018.02.062.

41. Zanetti F, Titz B, Sewer A, Sasso GL, Scotti E, Schlage WK,
Mathis C, Leroy P, Majeed S, Torres LO: Comparative systems
toxicology analysis of cigarette smoke and aerosol from a
candidate modified risk tobacco product in organotypic
human gingival epithelial cultures: a 3-day repeated expo-
sure study. Food Chem Toxicol 2017, 101:15–35. https://doi.org/
10.1016/j.fct.2016.12.027.

42
* *
. Iskandar AR, Titz B, Sewer A, Leroy P, Schneider T, Zanetti F,

Mathis C, Elamin A, Frentzel S, Schlage W: Systems toxicology
meta-analysis of in vitro assessment studies: biological
impact of a candidate modified-risk tobacco product aerosol
compared with cigarette smoke on human organotypic
Current Opinion in Toxicology 2019, 16:39–48
cultures of the aerodigestive tract. Toxicol Res 2017, 6:
631–653. https://doi.org/10.1039/c7tx00047b.

This multi endpoint analysis from independent studies demonstrates
the power of systems toxicology in elucidating biological responses to
inhalation exposure.

43. Guo NL, Wan Y-W, Denvir J, Porter DW, Pacurari M,
Wolfarth MG, Castranova V, Qian Y: Multiwalled carbon
nanotube-induced gene signatures in the mouse lung: po-
tential predictive value for human lung cancer risk and
prognosis. J Toxicol Environ Health, Part A 2012, 75(18):
1129–1153. https://doi.org/10.1080/15287394.2012.699852.

44. Poulsen SS, Saber AT, Williams A, Andersen O, Købler C,
Atluri R, Pozzebon ME, Mucelli SP, Simion M, Rickerby D:
MWCNTs of different physicochemical properties cause
similar inflammatory responses, but differences in tran-
scriptional and histological markers of fibrosis in mouse
lungs. Toxicol Appl Pharmacol 2015, 284:16–32. https://doi.org/
10.1016/j.taap.2014.12.011.

45. Bourdon JA, Halappanavar S, Saber AT, Jacobsen NR,
Williams A, Wallin H, Vogel U, Yauk CL: Hepatic and pulmonary
toxicogenomic profiles in mice intratracheally instilled with
carbon black nanoparticles reveal pulmonary inflammation,
acute phase response, and alterations in lipid homeostasis.
Toxicol Sci 2012, 127:474–484. https://doi.org/10.1093/toxsci/
kfs119.

46. Halappanavar S, Saber AT, Decan N, Jensen KA, Wu D,
Jacobsen NR, Guo C, Rogowski J, Koponen IK, Levin M: Tran-
scriptional profiling identifies physicochemical properties of
nanomaterials that are determinants of the in vivo pulmonary
response. Environ Mol Mutagen 2015, 56:245–264. https://
doi.org/10.1002/em.21936.

47. Park J, Schlage W, Frushour B, Talikka M, Toedter G: Con-
struction of a computable network model of tissue repair and
angiogenesis in the lung. J Clin Toxicol S 2013, 12. https://
doi.org/10.4172/2161-0495.S12-002. 2161-0495.

48. Schlage WK, Westra JW, Gebel S, Catlett NL, Mathis C,
Frushour BP, Hengstermann A, Van Hooser A, Poussin C,
Wong B, Lietz M, Park J, Drubin D, Veljkovic E, Peitsch MC,
Hoeng J, Deehan R: A computable cellular stress network
model for non-diseased pulmonary and cardiovascular
tissue. BMC Syst Biol 2011, 5:168. https://doi.org/10.1186/1752-
0509-5-168. 1752-0509-5-168 [pii].

49. Westra JW, Schlage WK, Frushour BP, Gebel S, Catlett NL,
Han W, Eddy SF, Hengstermann A, Matthews AL, Mathis C,
Lichtner RB, Poussin C, Talikka M, Veljkovic E, Van Hooser AA,
Wong B, Maria MJ, Peitsch MC, Deehan R, Hoeng J: Con-
struction of a computable cell proliferation network focused
on non-diseased lung cells. BMC Syst Biol 2011, 5:105. https://
doi.org/10.1186/1752-0509-5-105.

50. Westra JW, Schlage WK, Hengstermann A, Gebel S, Mathis C,
Thomson T, Wong B, Hoang V, Veljkovic E, Peck M, Lichtner RB,
Weisensee D, Talikka M, Deehan R, Hoeng J, Peitsch MC:
A modular cell-type focused inflammatory process network
model for non-diseased pulmonary tissue. Bioinf Biol Insights
2013, 7:167–192. https://doi.org/10.4137/bbi.s11509.

51. Gebel S, Lichtner RB, Frushour B, Schlage WK, Hoang V, Talikka
M, Hengstermann A, Mathis C, Veljkovic E,Peck M: Construction
of a computable network model for DNA damage, autophagy,
cell death, and senescence. Bioinf Biol Insights 2013, 7. BBI.
S11154.

52. Kleeman MJ, Riddle SG, Robert MA, Jakober CA, Fine PM,
Hays MD, Schauer JJ, Hannigan MP: Source apportionment of
fine (PM1. 8) and ultrafine (PM0. 1) airborne particulate matter
during a severe winter pollution episode. Environ Sci Technol
2008, 43:272–279.

53
*
. Mukherjee A, Agrawal M: A global perspective of fine particulate

matter pollution and its health effects. . Reviews of environmental
contamination and toxicology, vol. 244. Springer; 2017:5–51.

This review article articulates the global heath burden resulting from
particulate matter exposure.
www.sciencedirect.com

https://doi.org/10.1039/c7tx00152e
https://doi.org/10.14573/altex.1605041
https://doi.org/10.14573/altex.1605041
https://doi.org/10.1016/j.tiv.2016.11.009
https://doi.org/10.1016/j.yrtph.2016.11.001
https://doi.org/10.1016/j.yrtph.2016.11.001
https://doi.org/10.1016/j.yrtph.2016.11.004
https://doi.org/10.1016/j.yrtph.2016.11.004
https://doi.org/10.1093/toxsci/kfv243
https://doi.org/10.1016/j.yrtph.2016.10.015
https://doi.org/10.1016/j.yrtph.2016.10.015
https://doi.org/10.1021/acs.chemrestox.6b00174
https://doi.org/10.1016/j.fct.2018.02.062
https://doi.org/10.1016/j.fct.2018.02.062
https://doi.org/10.1016/j.fct.2016.12.027
https://doi.org/10.1016/j.fct.2016.12.027
https://doi.org/10.1039/c7tx00047b
https://doi.org/10.1080/15287394.2012.699852
https://doi.org/10.1016/j.taap.2014.12.011
https://doi.org/10.1016/j.taap.2014.12.011
https://doi.org/10.1093/toxsci/kfs119
https://doi.org/10.1093/toxsci/kfs119
https://doi.org/10.1002/em.21936
https://doi.org/10.1002/em.21936
https://doi.org/10.4172/2161-0495.S12-002
https://doi.org/10.4172/2161-0495.S12-002
https://doi.org/10.1186/1752-0509-5-168
https://doi.org/10.1186/1752-0509-5-168
https://doi.org/10.1186/1752-0509-5-105
https://doi.org/10.1186/1752-0509-5-105
https://doi.org/10.4137/bbi.s11509
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref51
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref51
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref51
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref51
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref51
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref52
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref52
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref52
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref52
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref52
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref53
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref53
http://refhub.elsevier.com/S2468-2020(18)30096-2/sref53
www.sciencedirect.com/science/journal/24682020

	Systems toxicology meta-analysis—From aerosol exposure to nanotoxicology
	Introduction
	Meta-analysis using network biology
	Causal biological network models
	Use case: meta-analysis of nanotoxicology studies using the network approach

	Expert opinion
	Funding
	Conflict of interest
	Acknowledgements
	References


